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Abstract : From decades, Breast cancer became an aggressive cancer in women throughout many emergent 

countries. Mammography is considered as reliable method for identifying breast cancer in numerous cases. Due 

to soaring population growth, radiologists roll to compound screenings like Ultrasound and Magnetic 

Resonance Imaging to have more reliable opinion. The present paper proposes a multimodality breast cancer 

diagnostic  classification, which extracts information from three breast imaging modalities like Mammogram, 

Ultrasound and Magnetic Resonance Imaging for revealing and diagnosis of uncertain lesions in the breast. 

The proposed work categorizes the common phenotype features from the different image modalities and 

classifies the benign along with malignant cases of cancer by means of Support Vector Machine (SVM). In this 

paper, a research work underdevelopment is described and some preliminary results are shown. Our 

experiments shows that 10 features are selected out of 20, bring in to classifier and evaluates that the 

performance of classifier for MRI images in finding malignancy is finer than Mammography, Ultrasound in 

early detection of suspicious and tiny lesions.   
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I. Introduction  
Breast cancer became a potential community health hazard in the globe. It is highly diagnosed cancer type 

among women such that a fresh breast cancer holder is diagnosed in each 2.2 minutes and a lady dies from 

breast cancer in each 13 minutes [1].  So, detection at beginning stage of cancer allows treatment which could 

help for higher survival rate [4]. 

Breast image checking is a complicated assignment due to the non-rigid possessions in breast, breast 

movement, and breast density. Mammogram is the majority used screening breast cancer finding methods. Most 

mammograms are visually examined by humans in search of breast cancer. Reading mammograms can be a 

tedious and time-consuming task. On the other hand, other imagery including Ultrasound(US) and Magnetic 

Resonance Imaging (MRI) have been used as adjunctive investigation tools to eliminate the operator 

dependency and improve the investigative accuracy. MRI is regularly obtained in women with relations history 

of breast cancer. Despite the enormous work in automated breast image dispensation, there is no acceptable way 

to check the images from varied modalities. In the complementary modalities, the study on automated 

processing is still more deficient.The general algorithm that can produce good result for diffrent images is still 

not available.  

  Present paper proposes inter modality technique ie., synthesis of information from dissimilar kind of 

images  by selecting prominent statistical pheneotype features from three tests for characterization of lesion. 

Here we are developing a  Computer- assisted diagnosis software is able to high-light suspicious areas in digital 

images automatically .this paper is organized into Image Data, preprocessing, feature selection  and 

classification by SVM for three modalities. 
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Breast Mammogram  

In widespread clinical practices Mammography tool is screening standard to investigative and provides 

prominent sensitivity on full of fat breast and brilliant display of micro calcifications.  

Breast MRI 

Magnetic Resonance Imaging is the majority attractive choice to Mammography for detecting a number of 

cancers which might be missed by mammography and for early age of women. Adding up, MRI can assist 

radiologists and additional specialists to settle on how to treat breast cancer patients via identifying the phase of 

the disease [3]. 

Breast Ultrasound 

An Ultrasound is a trouble-free scan that uses sound waves to create image of body. Sound waves that 

echo when they meet something opaque, like an organ or lump. A computer creates a portrait from these echoes. 

Studies content confirmed that with US images can tell apart benign and malignant heaps with a high exactness.  

  

II. Related Work  
A CAD system may contain different components, such as detection, diagnosis, and risk assessment. 

Currently, several other CAD diagnostic imaging systems are commercialized. Improving the recital of the CAD 

systems has turn out to be the main research task. CAD is the system of systems. The appearance of a CAD 

system desires extensive mixing of many sovereign and independent systems/components to attain the finest 

presentation, results, with the intention of improving the performance of a computer support detection system, 

profound research of distinct solution technologies in different subsystems in a CAD system has grow to be 

significant and essential[5]. Liu et al. [5] studied CAD breast cancer using mammography, research focused on 

the classification of masses using a innovative feature-selection method, Support Vector Machine Recursive 

Feature Elimination (SVM-RFE) with “normalized mutual information feature selection“(NMIFS) filter. Kuo-

Sheng et al.[8]proposed an effectual move toward for breast cancer discovery medical decisions using 

thermography. Magnetic resonance is an imaging modality, which offers some advantages over other imaging 

modalities, such as mammograms and US imaging. MRI has been applied toward breast cancer detection for 

some time. Soares et al. [7] projected a multilevel mechanical model for the categorization of breast masses 

using the images from dynamic contrast-enhanced magnetic resonance. Ratnakar et al. [6]studied ultrasound 

technology for tumor detection and developed an US scheme for lesion detection in yielding tissues using low 

fleeting pulse. George et al. [9]developed a bright distant finding and analysis system for breast cancer based on 

cytological imagery.  

 

III. Research Method  
The aim of this work is to classify breast multi modality images into  malignant and benign groups. This 

methodology is based on steps: 

1) Image Data 

2) Preprocessing 

3) Statistical Feature extraction & Selection 

4) Classification by svm 

Image Data  

The multimodality breast cancer image data sets collected from THIRD-i Imaging & Diagnostics, Srinagar, 

Kakinada under supervision of radiologists.  Up to now we acquired 225 images of digital mammograms, 220 

images of breast ultra sonograms, 190 MRI images for 200 patients. This database contains left and right breast 

images. 

Preprocessing 

 Image quality is a fundamental concept for the control and optimization of multimodality images. 

Preprocessing steps are very important in order to limit the search for abnormalities without influence from 

background of the mammogram, ultrasound and MRI images and to enhance the quality of the images and to 

extract the breast region. Medical images are difficult to be interpreted, thus a preparation phase is needed in 

order to improve the image quality and make the segmentation results more accurate. A preprocessing, usually 
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noise-reducing step is applied to improve image quality. In our previous work unlike other approaches we do 

not segmented masses but instead we attempt to describe entire region using orthogonal Zernike Moments to 

characterize breast masses (ROI) from multimodality imagery shown in the figure 5. 

Feature Extraction  

 Features, characteristics of the objects of significance, if selected cautiously are representative of the 

maximum appropriate information that the image has to offer for a whole characterization a lesion. Features 

extraction methodologies analyze objects and images to extract the most prominent features that are 

representative of the various classes of objects. Features are used as inputs to classifiers that assign them to the 

class that they represent. This proposed method focusing on considering significant phenotype features from 

dissimilar kind of pre-processed image  sources specifically mammogram, US and MRI for the detection of 

breast cancer, creating a multimodality breast cancer detection system. In this paper k-means clustering 

algorithm is used to extract features from images. 

Feature Selection 

 Feature selection facilitate to trim down the feature space which pick up the prediction accuracy and 

minimizes the computation time. This is achieved by removing irrelevant, redundant and noisy features .i.e., it 

selects the subset of features that can attain the best performance in terms of exactness and computation time. 

Features are generally selected by search procedures. Here we are using Information gain (entropy) function to 

compute ranks of extracted features for feature selection. 

 

 

 

 

 

 

 

 

 

Figure 1. Architectural Diagram 

K- means Algorithm 

 K-means is in general partitioning based clustering method that tries to find a user meticulous number 

of clusters (k), which are characterized by their centroids. The reason of clustering is to identify natural group of 

data from a large dataset to create concise representation. Here Selction of k-means is necessary because while 

extracting features clustering of similar features for three modalities is required. The K-means divides the input 

feature set into K-clusters according to the features provided from the images. In our case we deal with one-

dimensional feature space-gray level. In the beginning K class centroids are definite in the feature space and 

each feature is assigned a class, to which centroid its account is the ‘closest’. Each task is followed by the 

recalculation of the centroid amongst features belonging to the class. The step of K-means algorithm is below. 

Algorithm: Input: Im = {IMM,   IMR, IUS} (m = number of images)  

                  Output : {f1, f2,……..,fn} ( n=number of features) 

Pre-processed  Images 

Mammograms Ultrasound MRI 

Features Selection Technique 

MM1, MM2, MM3, ….MMn 

US1, US2, US3, ….USn 

MRI1, MRI2, MRI3, ….MRIn 
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Step 1: Preliminary step: Decide randomly ‘K’ key in data features to initialize the clusters. 

Step 2: Neighbouring search: For each input feature, trace the cluster centre that is secure, and allocate that 

feature vector to the matching cluster. 

Step 3:Revise Mean: Revise the cluster midpoint in each cluster using the mean (centroid) of the input feature 

vectors allocate to that cluster. 

Step 4: Halting law: Replicate steps 2 and 3 pending no more modifications in the value of the means. 

Here we are extracting intensity features as well as spatial features for three modalities gray level images using 

k-means algorithm 

Intensity Features: Mean, Variance, Skewness, Kurtosis, Energy, Entropy 

Spatial features : Autocorrelation,  Correlation, Contrast, Cluster Prominence, Cluster Shade, Dissimilarity , 

Entropy, Energy,  Homogeneity, Maximum probability, Sum of squares, entropy, Inverse difference normalized, 

information measure of correlation, shape. 

The values obtained for the above features from our work for a typical  benign and malignant images consisting 

one lesion of three modalities are given in the following table  

            Table1:Features selected from pre-processed image using K-means for 3 modalities 

  Imaging Modality       Mammogram            MRI     Ultra Sound 

 

 

 

 

Intensity 

features 

Features Benign Malignant Benign Malignant Benign Malign

ant 

1.Mean 6.8175 5.6279 0.9213 1.521 0.3858 0.366 

2. Variance 4.0981 3.183 0.2632 0.3425 0.1488 0.1339 

3. Kurtosis 4.7321 4.9638 0.035 0.025 -0.118 2.0068 

4. Skewness 1.3672 1.4769 0.02 0.012 0.6993 1.0582 

5.Energy 0.1904 0.2682 0.1806 0.2682 0.2512 0.2654 

6.Entropy 1.5555 1.569 2.157 1.996 0.1481 0.1482 

 

 

 

 

 

 

 

 

Spatial 

7. Correlation 0.1592 0.92 0.594 0.552 0.0611 0.0412 

8. Contrast 1.8927 1.27 28.469 39.676 1.6232 2.6543 

9.Cluster Prominence 37.693  35.623 37.51 36.03 35.23 36.432 

10.Cluster shade 4.2662 4.321 4.345 4.426 4.217 4.272 

11.Dissimilarity 0.8877 0.8422 0.8451 0.8975 0.8823 0.8724 

12.Auto correlation 44.153 44.012 44.167 44.172 44.213 44.761 

13.Homogenity 0.6645 0.63 0.6489 0.6276 0.4856 0.5231 

14.Energy 0.1904 0.2682 0.1806 0.2682 0.2512 0.2654 

15.Entropy 1.5555 1.569 2.157 1.996 0.1481 0.1482 
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features 16.Maximum probability 0.6411 0.6534 0.6423 0.6521 0.6456 0.645 

17.sumOf squares 0.1973 0.1923 0.1945 0.1967 0.1932 0.1972 

18.inversedifference 

normalized 

0.2863 0.2912 0.2971 0.2992 0.2753 0.2732 

19.Information measure 

of correlation 

1.2145 1.2415 1.2412 1.3241 1.2231 1.2312 

20. Shape 0(round)   1 (irreg) 0(round) 1 (irreg) 0(roud) 1 (irreg) 

 

Information Gain (Feature Ranking Method)  

The information gain is used to select strong and relevant features and also purifies the dataset among 

many extracted features for classifiers.It is a suitable ranking criterion is used to score the variables and a 

threshold value is used to remove variables. The basic property of feature ranking is to identify the relevance of 

the features. Here C1 represents the class of benign and C2 represents the class of malignant. 

 

Figure 2:   Feature selection process 

The formula to calculate information gain(entropy) is as follows: 

                         
where pi is the probability that an arbitrary sample belongs class Ci  and it is estimated by si /s. The entropy or 

expected information based on partitioning into subsets by A(attribute, with different values v), is given by  

                          
Now the information gain  is given by  

 

 
We executed the above function on each and every attribute to get most relevant attributes for all images. The 

attributes selected with highest information gain when threshold value applied are as follows.     
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f1=Cluster prominence, f2 = Energy, f3 = Information measure of correlation, f4 = Inverse difference 

Normalized, f5 = Skewness, f6 = Kurtosis, f7 = Contrast f8 = Mean, f9 = Variance  f10 =  Shape.  

 

IV. Classification by SVM  
An SVM classifier performs binary classification, i.e., it separates a set of training vectors for two different 

classes (x1, y1), (x2, y2),…, (xm, ym), where xi ∈ Rd denotes vectors in a d-dimensional feature space and yi ∈ {-1, 

+1} is a class label. The SVM model is generated by mapping the input vectors onto a new higher dimensional 

feature space denoted as Φ: Rd → Hf where d < f. Then, an optimal separating hyperplane in the new feature 

space is constructed by a kernel function K(xi,xj), which is the product of input vectors xi and xj and 

where K(xi,xj) = Φ(xi) · Φ(xj). . In this case, we consider SVM, i.e., the RBF kernel function. Two widely used 

kernel functions are the Polynomial and Gaussian Radial Basis Function (RBF) kernel functions, which 

are Kpoly(xi,xj) = (xi · xj + 1)p (p is the degree of polynomial) and  

           (σ is Gaussian sigma), respectively 

The selected features are given as key data to the Support Vector Machine (SVM) to recognize benign and 

malignant tumours from breast imagery. Total 225 image samples of Mammography, 220 image samples  of 

Ultrasound  and 190 image samples for MRI  are considered in which the random set of benign and malignant of 

10 features are used as training data set and the same is used for testing data set. To estimation the presentation 

of the investigational outcome, 4 objective indices are used. These indices are specificity, sensitivity, Positive 

Predictive value(PPV) and Negative Predictive values(NPV) are evaluated. 

Here dataset size is small which effectively validate the performance of SVM for breast cancer 

prediction. The experimental procedure is based on the following steps. First of all, the given dataset is divided 

into 70% training and 30% testing sets based on the 10-fold cross validation strategy executed in WEKA 

software. In the second step the focus is on constructing the SVM classifiers using RBF kernel functions. 

                                             

                                                   Figure 3: Methodology of Cancer diagnosis 

 

 

 

 

 

 

V. Results and Analysis  

        Multimodal Image Database 

Features Selection & Scaling 

 

Testing Features Training Features 

Build SVM 

Classifier 

Benign& Malignant classes 
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VI. 5.1   Performance Measures Of Screening Modalities  

The performance characteristics are measured by1) Sensitivity 2) Positive Predictive Value 3) Specificity and 4) 

Negative Predictive Values are based on the data on hand and are presented for contrast across the modalities in 

the study.  

Sensitivity: Numeral of malignancy detected by a exacting modality divided by the sum of malignancy detected 

by the three modalities. 

 

Positive Predictive Value: Numeral of malignancy detected by a exacting modality divided by the sum of 

abnormal examinations. 

 

Specificity: Numeral of normal tests  in women who did not have malignancy detected by any modality divided 

by the sum of women who did not have malignancy detected by any modality. 

 

Negative Predictive Value: Numeral of ordinary tests (with no biopsy) detected by any modality divided by 

number of ordinary tests including false negatives.  

 

Table 2: Performance Characteristics of Screening Modalities 

 

  

 

 

 

 

 

 

 

 

 

observation: In above table MRI is having high sensitivity (99%), low specificity(91) Here MRI results are 

finer when compared with other modalities.   

Information gain ranked the attributes to find the relevant attributes from data.Figure3 shows the 

ranked attributes score from highest shape of lesion (0.62314) to lowest value is sum of squares having the value 

(0.009231), here we are considering the minimum threshold value as 0.20 so that remaining attributes less than 

0.2 is going to be removed. 

 

 

 

 

 

Figure 4 : Information gain results 

Modality Total 

images 

Abnormal 

images 

Cancer 

detected  

Sensitivit

y     (%) 

Specifi

city(%) 

PPV(%) NPV(%) 

Mammo 225      4     3        30        

99.1 

  63   86 

US 220      19     4        61        94   19   91 

MRI 190      23     8        99        91   26   99 
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5.2    Performance of individual modality by SVM 

Table 3:  Hit rate of each class at different runs by SVM classifiers on MRI dataset 

       

 

 

                         Table4: Hit rate of each class at different runs by SVM on Mammo dataset 

                  

 

   

Table5:  Hit rate of each class at different runs by SVM on Ultrasound dataset 

 

       

 

 

From the above tables and graphs Breast MRI is found to be higher in performance to Mammogram and 

Ultrasound for the selection of women at high danger in diagnosing breast cancer. From the results, it is 

experiential that raising the number of runs in SVM algorithm provides sizeable precision to find benign and 

malignant classification 

Number of 

Runs 

Hit Rate(%) 

Benign 

Hit Rate(%) 

Malignant 

Training 

time in 

Seconds 

10 97.28 95.69 0.09 

25 98.19 95.02 0.12 

50 98.62 96.12 0.36 

75 99.22 97.42 1.08 

100 99.82 97.57 1.49 

Number 

of Runs 

Hit 

Rate(%) 

Benign 

Hit 

Rate(%) 

Malignant 

Training 

time in 

Seconds 

10 93.19 92.67 0.23 

25 94.52 92.33 0.45 

50 94.72 92.37 0.92 

75 96.32 95.21 1.89 

100 96.78 95.67 2.13 

Number 

of Runs 

Hit Rate(%) 

Benign 

Hit Rate(%) 

Malignant 

Training 

timein 

Seconds 

10 92.19 91.23 0.34 

25 93.22 91.83 0.62 

50 94.89 92.21 0.94 

75 95.13 93.21 1.92 

100 96.18 94.51 2.01 
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Conclusion   
This paper presented a classification of triple modality images based on phenotype feature extraction 

and selection. Furthermore, the  multi modal images were categorized into two distinct classes: benign, and 

malignant. Most features may provide a parameter for classification. Our outcomes recommend that 

performance of classifier for MRI images may perhaps be greater to Mammogram and Ultrasound for the 

supervision of women at high risk for breast cancer.  
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